A comparison of ability-achievement discrepancy models for identifying learning disabilities by Roderiques, Adrienne Blunt
University of Tennessee, Knoxville 
TRACE: Tennessee Research and Creative 
Exchange 
Doctoral Dissertations Graduate School 
8-2001 
A comparison of ability-achievement discrepancy models for 
identifying learning disabilities 
Adrienne Blunt Roderiques 
University of Tennessee 
Follow this and additional works at: https://trace.tennessee.edu/utk_graddiss 
Recommended Citation 
Roderiques, Adrienne Blunt, "A comparison of ability-achievement discrepancy models for identifying 
learning disabilities. " PhD diss., University of Tennessee, 2001. 
https://trace.tennessee.edu/utk_graddiss/6374 
This Dissertation is brought to you for free and open access by the Graduate School at TRACE: Tennessee 
Research and Creative Exchange. It has been accepted for inclusion in Doctoral Dissertations by an authorized 
administrator of TRACE: Tennessee Research and Creative Exchange. For more information, please contact 
trace@utk.edu. 
To the Graduate Council: 
I am submitting herewith a dissertation written by Adrienne Blunt Roderiques entitled "A 
comparison of ability-achievement discrepancy models for identifying learning disabilities." I 
have examined the final electronic copy of this dissertation for form and content and 
recommend that it be accepted in partial fulfillment of the requirements for the degree of Doctor 
of Philosophy, with a major in Education. 
R. Steve McCallum, Major Professor 
We have read this dissertation and recommend its acceptance: 
Don Dickinson, Ron Carlini, William Calhoun 
Accepted for the Council: 
Carolyn R. Hodges 
Vice Provost and Dean of the Graduate School 
(Original signatures are on file with official student records.) 
To the Graduate Council: 
I am submitting herewith a dissertation written by Adrienne Roderiques entitled 
"A Comparison of Ability-Achievement Discrepancy Models for Identifying 
Leaming Disabilities." I have examined the final copy of this dissertation for form 
and content and recommend that it be accepted in partial fulfillment of the 
requirements for the degree of Doctor of Philosophy, with a major in Education. 
We have read this dissertation 
and recommend its acceptance: 
;f(f;;__ ,1,1((4//{__ __ 
R. Steve McCallum, Major Professor 
Accepted for the Council: 
Interim Vice Provo 
Dean of The Gradua 
A Comparison of Ability-Achievement Discrepancy Models for 
Identifying Learning Disabilities 
A Dissertation 
Presented for the 
Doctor of Philosophy Degree 
The University of Tennessee, Knoxville 
Adrienne Blunt Roderiques 
August, 2001 
Copyright © Adrienne Blunt Roderiques, 2001 
All rights reserved. 
II 
DEDICATION 
This dissertation is dedicated to my parents for instilling in me the desire to 
learn and confidence to excel, and to my husband Shawn for his enduring love, 
support, and encouragement. 
iii 
ACKNOWLEDGMENTS 
There are many people who provided me with valuable assistance and 
support during this study. First and foremost, I would like to thank Steve 
McCallum, not only for chairing my committee, but also for supplying helpful 
feedback and guidance throughout my graduate career. I would also like to 
express gratitude to my committee members, Don Dickinson, Ron Carlini, and 
William Calhoun for their critical, but supportive, roles in the dissertation process. 
These individuals have also contributed to my graduate education immensely. 
Also deserving a great deal of acknowledgement is my internship supervisor, Bill 
Allen, who granted access to data at Cherokee Health Systems; and Brian Wilhoit 
and Mike O'Neil, who provided statistical guidance. Another debt of gratitude 
needs to be extended to the departmental support staff, April Phillips, Becky 
Bledsoe, and Betsy Johnson, who were always willing to lend attentive ears and 
helping hands. Finally, I would like to thank my friend and colleague Sadonya 
Meadows for her priceless companionship and support. I consider it a privilege to 




Three ability-achievement discrepancy methods for identifying learning 
disabilities were compared. The first method uses a simple standard score 
difference calculation; the second method a regression equation; and the third, a 
variation of the second, takes the standard error of estimate into account. These 
three methods were examined using varying significance criteria, producing five 
individual models: the simple difference models (IA and lB) used 16 and 23-point 
discrepancy criteria, respectively; the basic regression models (2A and 2B) used 
16 and 23 points; and the regression variation model (3) used a 95% confidence 
level. The five models were applied to 145 students' IQ (Wechsler Intelligence 
Scale for Children-Third Edition) and achievement (Woodcock-Johnson 
Achievement Tests-Revised) scores; all students had been referred for 
psychoeducational testing. Mean diagnostic proportions produced by each model 
yielded no significant distinction between simple difference and basic regression 
methods; however, within methods, models using less stringent criteria identified 
significantly more students (p <.05). Of the students identified by Model 1 A, 17% 
were declassified by Model lB; 24% of those identified by 2A were declassified 
by 2B. Model 3 functioned much like Model 2B. Students' classification across 
models was dependent on their age and ability level. These findings suggest that 
V 
the criterion chosen for significance has more impact on eligibility outcomes than 
the discrepancy method. 
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This study compared the capability of three ability-achievement discrepancy 
techniques to identify students as learning disabled. The first method is a simple 
standard score difference calculation that has been widely used in state special 
education criteria. The second method is a regression equation that is cited in most 
statistical textbooks. The third is a variation of the second, and accounts for 
additional error involved in such statistical procedures. The three methods were 
applied to a sample of 145 students' IQ and achievement scores who had been 
ref erred for psychoeducational testing in several school systems. The diagnostic 
frequencies produced by each technique were compared to determine how many 
students were identified and the extent to which the various techniques identified 
the same students. Also examined were the frequencies at which the methods 
identified students of different age and ability levels. 
Rationale 
The federal government first recognized the term "learning disability" as a 
special education category in 1968. The following definition was adopted: 
Children with special learning disabilities exhibit a disorder in one or more of the basic 
psychological processes involved in understanding or in using spoken or written language. 
These may be manifested in disorders of listening, thinking, talking, reading, writing, 
spelling, or arithmetic. They include conditions which have been referred to as perceptual 
handicaps, brain injury, minimal brain dysfunction, dyslexia, developmental aphasia, etc. 
They do not include learning problems which are due primarily to visual, hearing, or motor 
handicaps, to mental retardation, emotional disturbance, or to environmental disadvantage 
(U.S. Office of Education, I 968, p.34 ). 
Due to the vagueness of this statement, the government redefined the term 
in 1977 under Public Law 94-142 and included identification criteria. These 
criteria consist of six primary components: academics, exclusion, intelligence, 
processing, neurological dysfunction, and discrepancy (Mercer et al, 1996). The 
academics component addresses student performance within the school 
curriculum. The exclusion element requires that other disabling conditions be ruled 
out before a learning disability is considered. Included within this component, is 
that intelligence must also be addressed (i.e. a student that is mentally retarded may 
not be classified as learning disabled). The processing component addresses such 
cognitive processes as perceptual-motor and psycholinguistic skills. The 
neurological component considers dysfunctions within the central nervous system. 
The discrepancy element requires that a "severe" difference exist between a 
student's ability to achieve and his/her actual level of achievement (Mercer et al, 
1996). 
While the 1977 identification guidelines were intended to make the process 
of identifying students with learning disabilities more precise, the criteria actually 
sparked great controversy, which has yet to subside. The most debated notion is 
that of a "severe discrepancy." Some advocate that an ability-achievement 
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discrepancy should not be included in the criteria, explaining that IQ and 
achievement tests measure some of the same skills and abilities; therefore, any 
calculated difference between these scores is potentially confounded (Siegel, 1992; 
Stanovich, 1989). Although these non-discrepancy advocates have voiced 
defensible concerns, most states do support and utilize the severe discrepancy 
criterion (Mercer et al, 1996). Still, among those who have adopted the criterion, 
there remain two critical controversies. The first debate is how the discrepancy is 
to be calculated, and the second is how to determine its severity. 
Although many agree on the importance of the discrepancy component, 
consensus on how it should be obtained is lacking. In 1995, Mercer surveyed fifty-
one state departments of education, and found that while most of them included the 
discrepancy criterion in their learning disability definition, they operationalized it 
differently (Mercer et al, 1996). The following methods for determining an ability-
achievement discrepancy have been cited in the research: deviation from grade 
level, expectancy formulas, standard score comparisons, and regression analyses 
(Mercer et al, 1996; Cone & Wilson, 1981; Sattler, 1992). 
Not only does disagreement exist regarding the computation of a 
discrepancy, but also regarding how to determine its severity. Most state 
departments of education arbitrarily set a criterion of severity, which may be in 
terms of standard score points, standard deviations, or grade level. According to 
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Mercer ( 1996), about half of the states specify that the ability and achievement 
scores be discrepant by a certain number of standard deviations (ranging from one 
to two deviations). Other states define severity as achievement scores that are a 
particular number of years below grade level. Yet another way states define 
severity is by a set number of standard score points between ability and 
achievement (Mercer et al, 1996). 
This lack of agreement on how to determine a severe discrepancy between 
students' ability and achievement levels is problematic for several reasons. First, 
different methods will identify different children (Connell, 1991; Schuerholz et al, 
1995). In 1984, Reynolds found that the variability in the number of children being 
identified in each state ranged from 2% to over 35%, depending on the procedure 
being used. Thus, a child who is labeled learning disabled in one school system 
may not be considered the same in another system that uses a different discrepancy 
technique. Second, funding for special education services and resources is limited. 
Using discrepancy techniques that overidentify students will result in a reduction 
in the quantity and quality of services given. On the other hand, if methods are 
used that underestimate the number of students with learning disabilities, then 
many students in need of special services will be overlooked. Developing a 
consensus on the most valid and reliable means of determining a severe 
discrepancy would avoid errors in identification. Finally, such a technique must 
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also be identified for research purposes; doing so will allow researchers to 
replicate and generalize findings. 
An important note must be made at this time. Although this study focuses 
solely on the use of the discrepancy criterion, it alone does not represent a learning 
disability. In order for a student to be considered as learning disabled, several other 
conditions generally have to be met, and in some cases, a discrepancy may not be 
needed. In 1993, the Tennessee State Department of Education mandated the 
following criteria: 
1. The presence of either an ability-achievement discrepancy of at least 16 points or 
evidence of a severe processing deficit. 
2. The ability-achievement discrepancy cannot be the result of a visual, hearing, or motor 
handicap, mental retardation, emotional disturbance, environmental, cultural, or 
economic disadvantage, or insufficient teaching. 
3. The student's disability has an adverse impact on educational performance and his/her 
needs cannot be met in the regular classroom. 
(Tennessee Special Education Manual, 1993, p. 2.7, 16.17) 
Literature Review 
Since the 1977 learning disability definition, the following methods have 
been used to determine a severe ability-achievement discrepancy: deviation from 
grade level, expectancy formulas, standard score comparisons, and regression 
analyses ( Mercer et al, 1996; Sattler, 1992; Cone & Wilson, 1981). Each method 
is discussed below. 
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Deviation from Grade Level 
According to this method, a discrepancy is defined by the difference 
between a student's grade equivalent score on an achievement test and his/her 
current grade placement. Some deviation techniques use a constant criterion to 
determine severity that is consistent across grade levels. For example, regardless of 
a child's current grade placement, a particular deficiency is required for 
identification. This method fails to take into account the fact that the same 
discrepancy means different things at different grade levels. For example, a two 
year deficit for a third-grade student is much more severe than a two year deficit 
for an eighth-grade student. Other deviation techniques correct for this 
phenomenon by graduating the deficiency required depending on the current grade 
level. However, these graduated techniques are still, like the constant ones, flawed 
because of the reliance on grade-equivalent scores. Numerous psychometric 
problems with these scores have been reported (Berk, 1982; McLaughlin & Lewis, 
1986; Sattler, 1992). A few of the most common criticisms are noted below. 
One reported problem with grade-equivalent scores is that schools do not 
teach the same skills at the same grades. This complicates instrument norming 
procedures, which generally include many different school systems. In addition, 
standardization data may only be collected for students of certain grades. As a 
result, grade equivalent scores will be derived through interpolation and 
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extrapolation rather than from obtained data. Another documented problem with 
grade-equivalent scores is that they encourage inappropriate comparisons. For 
example, a first-grade student who receives a reading grade-equivalent score of 3.2 
should not be described as reading like a third-grader. Although the student may 
have correctly answered the same number of test items as the average third-grader, 
one cannot assume that the student possesses other attributes associated with third-
grade reading skills (Berk, 1982; MCLoughlin & Lewis, 1986; Sattler, 1992). 
Expectancy Formulas 
These formulas generally determine discrepancies by comparing age-
equivalent scores with the number of years the student has attended school. For 
example, one formula defines a child's learning expectancy level as his/her mental 
age minus five, assuming that the child entered school at age five (Kaluger and 
Kelson, 1969). Another formula calculates an expectancy age by multiplying the 
child's mental age by two, adding his/her chronological age, and then dividing that 
amount by three (Harris, 1970). Forness, Sinclair, and Guthrie (1983) compared 
eight different expectancy formulas and found they yielded varying results. The 
number of students in their sample identified by each of the formulas ranged from 
10.9% to 39%. 
In general, expectancy formulas are not recommended as a means for 
determining discrepancies because of several reported disadvantages (Sattler, 
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1992; Cone & Wilson, 1981; Reynolds, 1985). First, many of these formulas 
assume that children enter school at a particular age, and also do not account for 
repeated or skipped grades. Another disadvantage of expectancy formulas is that 
they generally rely on the concept of mental age, which is limited by unequal 
intervals between scores because cognitive growth is not a linear function. For 
example, the difference between mental ages two and three is much greater than 
between mental ages twelve and thirteen. Yet another disadvantage of expectancy 
formulas is that they assume the correlation between ability and achievement tests 
to be perfect, which is generally not the case. 
Standard Score Comparisons 
According to this method, a discrepancy is defined as the obtained 
difference between a student's cognitive ability score and his/her achievement 
score. A criterion level for significance is set, such as a difference of one or one 
and a half standard deviations. This method requires that standard score 
distributions of the ability and achievement instruments be the same. If this is not 
the case, then the scales must be transformed to the same mean and standard 
deviation, or they must be changed to z-scores. Most agree that the standard score 
comparison method for determining discrepancies is psychometrically sound and 
preferred over the previous mentioned methods (Reynolds, 1992; Berk, 1984; 
Cone & Wilson, 1981). A noted advantage to this method is that standard scores 
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can be compared across age levels. Some disadvantages to this method have also 
been noted (Reynolds, 1984; Chaflant, 1985). For example, the reliabilties of the 
ability and achievement instruments are not considered. Also not accounted for is 
the regression to the mean effect, which is discussed below. 
Regression Analyses 
This method also utilizes standard scores, but in addition, adjusts for a 
statistical phenomenon known as the regression to the mean effect. This 
phenomenon occurs when the correlation between the ability and achievement 
instruments is less than perfect, which is almost always true. Generally, individuals 
who have above average performance on one measure will likely perform less well 
on the other. Likewise, individuals who perform below average on the first 
measure will tend to perform better on the second. Discrepancy procedures that do 
not consider the regression to the mean effect tend to overidentify above average 
students and underidentify below average students (Braden 1987; Alberg, 1986). 
A basic regression equation calculates a predicted achievement score from 
the obtained ability score, accounting for the correlation between the two 
instruments. The difference between the predicted achievement score and the 
obtained achievement score is then calculated. Finally, this difference score is 
determined significant if it exceeds the specified number of points. Although most 
regression procedures utilize this equation, some also account for error associated 
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with the calculated difference score. An example of such a procedure is using the 
standard error of estimate to determine when a difference is too large to have 
occurred by chance. Although agreement is lacking on which regression 
procedures are most appropriate, it is still generally agreed that a regression 
analysis is one of the most statistically sound methods for determining 
discrepancies (McLoughlin & Lewis, 1994; Sattler, 1992; Reynolds, 1984; Cone & 
Wilson, 1981 ). 
Statement of the Problem 
In the realm of learning disability diagnosis, the notion of a severe ability-
achievement discrepancy has long been debated. Although many have argued 
against the use of the discrepancy criterion, it has widely prevailed in state 
eligibility guidelines. The following methods have been used to calculate 
discrepancies: deviation from grade level, expectancy formulas, standard score 
comparisons, and regression analyses. Of these four methods, standard score 
comparisons and regression analyses have been discussed in the research as more 
appropriate techniques for determining ability-achievement discrepancies 
(McLoughlin & Lewis, 1994; Sattler, 1992; Reynolds, 1984; Berk, 1984; Cone & 
Wilson 1981). However, because of limited special education funding, there is a 
need to know the extent to which the different formulas qualify children for 
eligibility. Administrators must be aware of expected outcomes in order to develop 
the most sensible and useful guidelines. Thus far, research on the eligibility 
outcomes of various standard score and regression techniques has been 
inconclusive. While some studies have found regression techniques to identify 
fewer students than standard score comparisons (Fletcher et al, 1989; Connell, 
1991 ), others have found no significant difference between the two methods 
(Valus, 1986). The current study compared eligibility outcomes of one standard 
score method and two different regression techniques to determine which method 
identified more students. More specifically, these three methods were examined in 
the context of five individual models based on varying levels of the severity 
criterion. 
Research Questions 
1. Do the five discrepancy models identify significantly different (mean) 
proportions of the sample? 
2. To what extent do the models identify the same students? 
3. Are the variables age and ability independent of model type? 
Specifically, do some models more frequently identify low (vs. high) 






The 145 participants in this study were randomly selected from a population 
of approximately 500 students in 8 urban and rural school systems in East 
Tennessee. All 500 students were between the ages of 6 and 12 years, 11 months 
and were referred for psychoeducational testing for a suspected learning disability 
and/or attention deficit during the 1999-2000 school year. The students were being 
evaluated either for the first time or as part of a state mandated triennial re-
evaluation. All 145 students were administered both the Wechsler Intelligence 
Scale for Children-Third Edition (WISC-III) and the Woodcock-Johnson 
Achievement Tests-Revised (WJ-R). Students who received other cognitive and 
achievement tests and/or who spoke Spanish as a first language were excluded 
from the study. The selected sample contained 100 males and 45 females. 
Data analyses required that students be grouped by age and ability. With 
respect to age, the first group consisted of 6 and 7-year-olds (n=23), the second 
was made up of 8, 9, and IO-year-olds (n=80), and the third (n=42) contained 11 
and 12-year-olds (Mean Age= 9 years, 9 months; SD= 1 year, 9 months). The 
students were also grouped by cognitive ability. Those with WISC-III Full Scale 
IQ scores ranging in the top third of the sample were included in the high ability 
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category, those with scores in the middle third were considered average, and those 
with scores in the bottom third were included in the low ability category. Full 
Scale IQ scores were not used for those students who received significantly 
different scores on the Verbal and Performance Scales. A difference of 19 or more 
points is considered significantly and unusually large (Kaufman, 1994), and in 
Tennessee, it is common practice to use the higher of the two scales as the ability 
measure. This procedure has been shown to more accurately identify students with 
learning disabilities (Albers, 1997) and it was used in this study. According to this 
ability categorization, the sample contained 47 students in the high group with 
scores ranging from 96-132, 50 students in the middle group with scores from 87-
95, and 48 in the low group with scores from 75-86 (Mean Ability= 92.66; SD= 
11.04). 
For a second "ability" analysis, another categorization was created. The 
sample was divided into 2 groups, with one group containing students who's 
scores were at or above 100 (n=36) and the other containing those with scores 
below 100 (n=109). This distinction was made because in the population, 
placement of those with scores near the mean of 100 is not affected by regression 
procedures used for learning disability identification, but frequency of placement is 
increasingly affected as scores deviate from the population mean. 
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Instruments 
The students selected for this study had previously been given both the 
WISC-III and the WJ-R standard achievement battery by qualified examiners in 
their respective school systems. These two instruments were chosen because of 
their extensive use in the evaluation of students with suspected learning 
disabilities. 
Wechsler Intelligence Scale for Children-Third Edition (WISC-III) 
The WISC-III is an individually administered test of general intellectual 
ability. The manual reports that the test is useful and appropriate for the purposes 
of: psychoeducational assessment included in educational planning and placement, 
diagnosis of exceptionality in children, clinical and neuropsychological 
assessment, and research (Wechsler, 1991, p. 7). The test is normed for children 
aged 6 through 16, and administration time is approximately 60 to 90 minutes. The 
WISC-III consists of two scales, verbal and performance, each containing five 
mandatory subtests and one or two optional subtests. Each scale yields an IQ score 
with a mean of 100 and a standard deviation of 15, and these scores are combined 
to yield a Full Scale IQ score with the same mean and standard deviation 
(Wechsler, 1991). 
According to the WISC-III manual, the standardization sample was 
composed of 2200 children; 100 males and 100 females from each of the 11 age 
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groups. The sample was chosen using a stratified random sampling plan based on 
1988 U.S. Census data. Included in the stratification were race/ethnicity, 
geographic region, and parent education (Wechsler, 1991). 
Split-half reliabilities were calculated for each subtest, except for two 
speeded subtests for which stability coefficients were used as reliability estimates. 
Split-half reliabilities, averaged across age groups, ranged from .87 to .69. Stability 
coefficients were calculated based on a subsample of 353 children who were tested 
twice. These test-retest reliabilities, averaged across age groups, ranged from .89 
to .57. Split-half and test-retest reliabilities were also calculated for the verbal, 
performance, and full scale scores. When averaged across age groups, split-half 
coefficients for these scales ranged from .95 to .91 and test-retest reliabilities 
ranged from .94 to .87 (Wechsler, 1991). 
The manual describes the validity of the WISC-III by way of 
intercorrelations of subtests and scales, factor analytic results, and correlations 
with other instruments. Convergent validity is evidenced by the fact that the verbal 
and performance subtests generally correlated more highly with subtests in their 
respective scale. Construct validity is demonstrated through exploratory and 
confirmatory factor analyses that support the verbal-performance dichotomy, as 
well as the four indexes. Criterion-related validity of the WISC-III is evidenced by 
its correlations with other measures of intellectual ability. The correlations 
15 
between the WISC-III Ful1 Scale IQ and corresponding scores on the DAS, 
WPPSI-R, WAIS-R, and WISC-R ranged from .85 to .92 (Wechsler, 1991). 
Woodcock-Johnson Achievement Tests-Revised (WJ-R) 
The WJ-R Achievement test is individually administered and includes 
measures of reading, writing, and mathematical skills. The manual reports that the 
test, along with its Cognitive counterpart, is useful for the purposes of: diagnosis, 
determination of psychoeducational discrepancies, educational placement and 
program planning, growth assessment, and program evaluation (Woodcock & 
Mather, 1990, p.8-9). The test is normed for ages 2 through 95, and the standard 
achievement battery takes approximately 60 minutes to administer. Included in the 
standard battery are 9 subtests, each yielding a standard score with a mean of 100 
and a standard deviation of 15. These subtest scores also provide 5 cluster scores. 
The supplemental achievement battery contains an additional 5 subtests, and when 
combined with the standard battery, yields 6 more cluster scores (Woodcock & 
Mather, 1990). 
According to the WJ-R manual, the standardization sample was composed 
of 6,359 individuals: 705 preschool-aged children, 3245 grade school students, 
916 college/university students, and 1493 nonschool adults. The sample was 
randomly selected within a stratified sampling design based on 1980 and later U.S. 
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Census reports. Included in the stratification were race, census region, community 
size, and household income (Woodcock & Mather, 1990). 
Split-half reliabilities were calculated for all achievement subtests and 
clusters, except for two. One of these subtests is a timed test and therefore, test-
retest correlations were reported. The median subtest reliabilities across age groups 
ranged from .76 to .93, with most falling within the high .80s and the low .90s. The 
median cluster reliabilities across age groups ranged from .91 to .96 (Woodcock & 
Mather, 1990). 
The manual describes the validity of the WJ-R Achievement Test by way of 
item construction, intercorrelations of subtests and clusters, and correlations with 
other instruments. Construct validity is evidenced by the fact that subtests within 
the same curricular area correlate more highly than subtests in different areas. The 
same is true with the achievement clusters. Concurrent validity of the achievement 
clusters is demonstrated by their correlations with other measures of achievement. 
At age 3, these correlations ranged from the .50s to the .60s, but at ages 9 and 17, 
they were in the .60s and .70s. The manual notes that the standard deviations of 
scores in these concurrent validity studies are less than the normal 15 points, and 
therefore, the correlations provided likely underestimate the true correlations in the 
general population (Woodcock & Mather, 1990). 
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Relevant to this study are correlations between the WJ-R Achievement and 
WISC-Ill. The specific correlations of interest are between the Basic Reading 
Skills, Passage Comprehension, Calculation, Applied Problems, and Broad Written 
Language scores from the WJ-R and the WISC-III Full, Verbal, and Performance 
Scale scores. These values are as follows: .43, .51, and .32 for Basic Reading 
Skills correlated with Full, Verbal, and Performance Scale scores, respectively; 
.54, .57, and .47 for Passage Comprehension; .65, .65, and .59 for Calculation; .72, 
. 71, and .66 for Applied Problems; and .44, .42, and .41 for Broad Written 
Language ( L. Machut to C. Szasz, personal communication; February 11, 1998 ). 
Procedure 
For each of the 145 students selected, ability and achievement scores were 
collected from his/her special education file. Students' names were removed and 
replaced with codes for the purpose of confidentiality. The WISC-III Full Scale IQ 
score was recorded as the measure of ability, unless there was a difference of at 
least 19 points between the Verbal and Performance Scale scores. Differences of at 
least 19 points are considered significantly and unusually large because they occur 
in 15% or less of normal children (Kaufman, 1994). In the state of Tennessee, it is 
common practice to use the higher of the two scales as the ability measure when 
such an unusually large difference occurs. The same was done in this study. The 
following age-based achievement scores were taken from the WJ-R: Basic 
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Reading Skills, Passage Comprehension, Calculation, Applied Problems, and 
Broad Written Language. 
In order to examine the three discrepancy methods (simple standard score 
difference, basic regression, and regression accounting for the standard error of 
estimate) under varying significance criteria, the techniques were broken down 
into five models. The simple standard score difference and basic regression 
methods were each examined using significance criteria of both one and one-and-
a-half standard deviations, which translates to 16 and 23-point discrepancies, 
respectively. For ease of discussion, the 16 point version for the simple standard 
score difference method was labeled Model lA and the 23-point version named 
Model 1 B. Likewise, the two versions of the basic regression method were labeled 
Models 2A and 2B. Significance under the third method (Model 3) was determined 
by using a 95% confidence level. All five models were individually applied to each 
student's ability and achievement scores. Recorded for each set of scores was 
whether or not the student qualified as having a significant discrepancy under each 
of the five models. Students were considered to qualify under a model if they met 
its discrepancy criterion for at least one of the five areas of achievement. Each 
discrepancy method and its corresponding models are further described below. 
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Simple Standard Score Difference 
This method requires calculation of the difference between the obtained 
ability score and the obtained achievement score for academic areas in which a 
student scores below his/her assessed ability. The equation is as follows: 
Simple difference = X - Y 
(X = ability score; Y = achievement score) 
This simple difference score is then determined significant if it exceeds a 
specified number of points. In Tennessee and many other states, the currently 
popular criterion is either 16 or 23 points (more than one or one-and-a-half 
standard deviations, respectively). Again, Model IA utilized the former difference 
criterion and Model 2B the latter. 
Basic Regression 
This method takes into account the correlation between the ability and 
achievement measures and using the regression equation, predicts an achievement 
score. The regression equation is as follows: 
Y' = 100 + rxy (X - 100) 
(Y' = predicted achievement score; 
rxy = correlation between ability and achievement measures; 
X = obtained ability score for test with population mean of l 00) 
The simple difference between the predicted achievement score and the 
obtained achievement score is then calculated. Finally, this difference score is 
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determined to be significant if it exceeds the specified number of points. Again, in 
many states the commonly used values are 16 (Model 2A) and 23 (Model 2B). 
Regression Accounting for the Standard Error of Estimate 
This method, like the previous one, accounts for the correlation between the 
ability and achievement measures to predict an achievement score. Thus, the same 
regression equation is applied, and the difference between predicted achievement 
and obtained achievement is calculated. This technique is different from the basic 
regression method in one important respect. It requires another calculation to 
account for the standard error of estimate (of the predicted achievement score). 
The standard error of estimate (SEe) equation is: 
SEe = (sd) ✓ 1- rxy2 
(sd = the standard deviation of the two tests, in this case, 15; 
rxy = correlation between ability and achievement measures) 
The standard error of estimate is then used to calculate a criterion difference 
score to which the regressed difference score is compared. If the regressed 
difference is equal to or exceeds the criterion score, then the difference is 
determined to be significant. The equation for the criterion difference score (CDS) 
1s: 
CDS= z (SEe) 
(z = z-score corresponding to the desired confidence level, in this 
case, 1.65; SEe = standard error of estimate) 
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Data Analysis 
For each of the five discrepancy models, diagnostic frequencies were 
tabulated. Again, students were considered to qualify under a model if its 
discrepancy criterion was met for at least one of the five areas of achievement. The 
value of one was assigned to indicate the existence of a severe discrepancy and 
zero was used to signify the lack of a severe discrepancy. The diagnostic 
frequencies for each level of the independent variables model, age, and ability 
were tabulated in the form of percentages, or proportions. Each variable's 
diagnostic proportions were reported as means, and two analysis of variance 
(ANOV A) procedures were performed with follow-up Tukey HSD (honestly 
significant difference) analyses used as needed to test for significant main and 
interaction effects. ANOV A procedures have been reported to be appropriate for 
dichotomous data (Bruning & Kintz, 1987) and within-subjects variables 
(Kennedy, 1978; Kirk, 1982). The two ANOV A procedures differed only in regard 
to the third dimension (ability). For the first ANOVA, a 5(model) X 3(age) X 
3(ability), the students' IQ scores were used to divide them into three groups of 
roughly equal numbers. For the second ANOVA, a S(model) X 3(age) X 2(ability), 
the students were divided into two groups based on IQ score; those in the first 
ability group had scores at or above 100 and those in the second, below I 00. The 
age categories were the same for both ANOVAs (6 to 7, 8 to 10, and 11 to 12). 
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Finally, to determine the amount of diagnostic overlap among models, 




Descriptive data are presented in Tables 1 and 2. (All tables can be found 
in the appendix.) As illustrated, mean proportions range from .00 to .74 and vary 
across the different levels of model, age, and ability. In general, models using less 
stringent criteria resulted in a higher frequency of identification. Mean proportions 
were tested using ANOV As as described below. The initial research question 
addressed the extent to which the models identified significantly different 
proportions of the sample. Results from the first 5 X 3 X 3 ANOV A are presented 
in Table 3 and show significant main effects for both model and ability, as well as 
an interaction effect between ability and age (p < .001). 
The mean proportions of students identified in Models IA, 1B, 2A, 2B, and 
3 were .43, .26, .53, .29, and .33, respectively. As a follow-up to the main effect 
for model [ F(4,680) = 5.95, p < .001], the Tukey HSD procedure reveals 
statistically significant differences between both the 16 and 23-point versions of 
the simple standard score (Model 1 A vs 1 B) and basic regression methods (Model 
2A vs 2B), (p <.05; See Table 4). Obviously, in both methods, the lower 16-point 
criterion allowed more children to be identified. As expected, a significant 
difference between Models 2A and 1B was also found, with 2A classifying more 
students. In comparison, the difference between Models IA and 2B was almost 
24 
significant. The last noteworthy difference was between Models 2A and 3, with 2A 
again identifying more children. This difference was also expected because the 
latter model revealed criterion scores ranging from 17 to 23, depending on the area 
of achievement. Math-related areas required discrepancies of 17 to 20 points, 
reading areas mandated 20 to 23 points, and writing required 22 to 23 points. 
There were no statistically significant differences between Models lA and 2A and 
Models 1 B and 2B; the simple difference method and basic regression method 
identified students similarly. In addition, no significant difference existed between 
the basic regression model using a 23-point criterion (Model 2B) and the 
regression model accounting for the standard error of estimate (Model 3). Again, 
several of the achievement area criterion difference scores in Model 3 were close 
to 23 points. 
The second research question required analyses exploring the amount of 
diagnostic overlap among models. Crosstabulations are shown in Table 5. Within 
both the simple standard score (lA and 1B) and basic regression models (2A and 
2B ), all the students identified by the 23-point version (B) were also identified by 
the 16-point version (A), as expected. Between models, all the children identified 
by Model 1 B were identified by Model 2A. Likewise, all the students identified by 
Model 3 were also identified by Model 2A. All of the children identified in Model 
2B were also found in Model 3, with just a few more students being included 
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under the latter model. Of the children identified by Model 1 A, 94% were also 
identified by Model 2A. Model IA identified 95% of the students classified by 
Model 2B and 90% of those found by Model 3. Of the students identified by 
Model 1B, 81 % were also classified by Model 2B and 86% by Model 3. 
The original 5 X 3 X 3ANOV A was used to address the third research 
question regarding the independence of age and ability. As previously noted, 
results show a significant main effect for ability [ F(2,680) = 17 .77, p < .001 ], 
qualified by a two-way interaction between ability and age [ F(4,680) = 8.01, p < 
.001], as shown in Figure 1. For the 6 and 7-year-olds, high ability students were 
classified significantly more than the low ability students (p < .001 ), who were in 
tum, identified more often than the average ability students (p < .05). For the 8, 9, 
and 10-year-olds, high ability students were again identified most often (p = .001), 
but there was no difference present between the identification frequencies of the 
average ability and low ability students. Finally, for the I land 12-year olds, both 
the average and high ability students were identified more often than those of low 
ability (p < .05). To summarize, the high ability students were classified most 
often, except for in the oldest age category where the students of average ability 
were similarly identified. Also of interest, in the youngest age category high and 
low ability students were identified more often than students of average ability. 
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Thus, the average students displayed the greatest change in diagnostic prevalence, 
constantly increasing across age groups. 
Like the initial analysis, the second 5 X 3 X 2 ANOVA, also revealed a 
significant main effect for ability [F( 1,695) = 23.82, p < .001]; however, this time 
the effect was qualified by 2 two-way interactions; one between ability and age [ 
F(2,695) = 11.76, p < .001] and another between model and ability [ F(4,695) = 
2.53, p < .05]. Figure 2 displays the ability-age interaction. For ages 6-10, 
students with ability scores at or above 100 were identified significantly more 
often than those with ability scores below 100 (p < .001 ). However, for the 11 and 
12-year olds, there was no significant diagnostic difference between the two 
groups. Figure 3 shows the interaction between model and ability. In both Models 
lA and 1B, students with ability scores of 100 and above were identified 
significantly more often than students with scores below 100 (p < .001), but there 
were no significant differences found in the other models. Thus, when calculating 
discrepancies based on regressed scores, there was no distinction between the 
diagnostic prevalence of students with ability levels at and above 100 and those 
with ability scores below. 
Summary 
The following conclusions were made based on the results of the study: 
1. There was no significant diagnostic distinction between using the 
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simple standard score difference method and the basic regression 
method. A distinction did occur among the criterion used to determine 
severity. Within both methods, there was a significant difference 
between the number of students identified with a 16-point criterion and 
those identified with a 23-point standard. In the simple standard score 
method, 17% of the formerly identified students were declassified with 
the latter criterion; similarly using the regular regression method, 24% 
were unidentified. 
2. Also there was no significant distinction between using the regular 
regression method with the 23-point criterion and the one which 
accounts for the standard error of estimate. The lack of variation 
between these two methods most likely exists because in three of the 
five achievement areas, the latter method required a similar criterion, 
ranging from 20 to 23 points. 
3. When ability was examined by dividing the sample in thirds, students' 
classification across models depended on their age and ability level. 
High ability students were classified most often in the first two age 
groups, but not in the oldest group. The identification of average ability 
students in the youngest age group was practically nonexistent, but it 
increased with age. Classification of the low ability students was 
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relatively constant across age groups, remaining significantly lower than 
the identification of high ability students. 
4. When ability was examined by dividing the sample into two groups 
based on a score of 100, those students in the high group were identified 
more often, but only in the two simple standard score difference models. 
Like in the previous ability grouping, an interaction between age and 
ability was found across models. Students with scores at and above 100 
were identified most often in the first two age groups, but not in the 
oldest group. Students with scores below 100 functioned most like the 
average ability group in the original ANOVA; they were scarcely 





Identification of a learning disability and eligibility for special services are 
determined by a number of factors. The primary purpose of this study, as identified 
in research questions 1 and 2, was to determine the extent to which identification is 
influenced by severity criteria across different discrepancy models of interest. In 
some ways, the models functioned as might be expected. For example, as 
discrepancy criterion scores increased, the number of students being identified 
decreased. Significant percentages of the sample were declassified under the more 
stringent models. This finding is of particular importance to state special education 
policymakers. When setting eligibility guidelines, they must consider the 
likelihood that using more stringent criteria will increase the risk of ignoring 
students who are truly learning disabled and in need of services. Of course, they 
must also weigh this risk with its counterpart; the likelihood that less stringent 
criteria will overidentify children and unnecessarily consume funding and 
resources. Also as expected, the more stringent basic regression model and the one 
accounting for the standard error of estimate yielded similar frequencies of 
identification. These models produced comparable results because they required 
similar criterion scores in most academic areas. Thus, it makes no difference which 
of these two models is chosen if eligibility is the outcome of interest. 
30 
There were unexpected findings as well. For example, there was no 
significant diagnostic distinction between simple difference and regression, i.e., 
the two types of models yielded similar classifications. Unlike some previous 
studies (Bennett & Clarizio, 1988; Fletcher et al., 1989; Connell, 1991 ), using 
regression did not significantly reduce the amount of students being identified. 
Schuerholz et al ( 1995) reports that regression approaches are commonly expected 
to identify fewer students; in fact, administrators who seek to limit the number of 
children being classified typically favor the regression approach (Schuerholz et al, 
1995). A possible explanation for the nonsignificant difference between simple 
difference and regression methods in this study is the large percentage of scores 
below 100 (73% of the sample). Valus ( 1986) found similar results in a sample 
with low ability over representation. Thus, the overall effect of regression may not 
operate as expected in samples where ability is not evenly distributed. Still, within 
ability groups, anticipated regression effects were noted in the present study and 
are described below. 
Theoretically, using a regression model should make it easier for low ability 
students to be identified as having a severe discrepancy because of its correction 
for the regression to the mean effect (Berk, 1984; Wilson & Cone, 1984). In 
contrast, this same correction should make it more difficult for high ability 
students to be identified. Both trends have been supported through previous 
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research (Alberg, 1986; Braden, 1987), and they were also revealed in this study. 
For students with scores above 100, the number identified decreased when 
regression was implemented, and the opposite was true for students with scores 
below 100. Thus, within ability groups, the regression models functioned as 
anticipated. Moreover, the number of low ability students helped by regression was 
larger than the number of high ability students hindered by it. Thus, the overall 
effect of regression resulted in a slightly larger, though not significant, number of 
identified students. 
The interaction between age and ability appears to support the notion that 
ability scores regress toward the mean over time (Sattler, 1992). As the high ability 
(100 and above) students increased with age, they were identified less often; this is 
likely because of decreases in ability scores upon subsequent evaluations. The 
opposite is true of low ability (below 100) students. As they increased with age, 
their identification also increased. Again, it is conceivable that this diagnostic 
increase is due to the upward movement of low ability scores toward the mean. 
The suggestion that extreme ability scores regress toward the mean on subsequent 
evaluations is a logical one; however, a longitudinal study is needed to confirm 
these preliminary findings. 
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Implications 
Developing a consensus on the most valid and reliable means of 
determining a severe discrepancy is perhaps more important now than ever before. 
As special education entry rates are rising, funding levels are remaining static, 
resulting in a reduction in the quantity and quality of services provided to students 
in need. When selecting a discrepancy method, policymakers must consider its 
possible effects on eligibility outcomes. Results of this study indicate no 
significant differences in the number of students identified by the simple 
difference method versus the basic regression method. However, within methods, 
using less stringent severity criterion identified significantly more students. Thus, 
once policymakers have chosen a severity criterion, the two methods will likely 
produce similar results (with the exception that the simple difference method will 
identify more high ability than low ability students). If the more stringent criterion 
is selected and a regression analysis is preferred, the basic technique and the one 
accounting for the standard error of estimate can be expected to yield similar 
results. 
In addition to defining the size of a severe discrepancy, we must also 
determine the characteristics that make it meaningful. Only by identifying and 
serving students with the most needs, can we optimize the effectiveness of 
available resources. One option is to serve only those students who meet the 
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designated discrepancy criterion and who also have achievement levels below a 
specified percentile (Shaywitz et al, 1992; Dykman & Ackerman, 1992). This will 
insure that the students with the most severe deficiencies are receiving special 
services. Another option is to place more emphasis on preref erral interventions, 
requiring that eligibility is contingent upon previous treatment failure (Fletcher et 
al, 1994). Many authorities believe that putting more effort into prereferral 
interventions will likely result in fewer special education referrals and an 
improvement in general classroom education (Mercer et al, 1996; Gickling & 
Thompson, 1985). 
Yet another alternative is to discard the discrepancy criterion altogether and 
serve all students who are achieving below a certain percentile. Proponents of this 
approach advocate against using discrepancy calculations, arguing that IQ tests do 
not adequately and comprehensively measure intelligence; that difference scores 
are confounded because ability and achievement measures are not truly 
independent; and that low achieving students with and without discrepancies 
demonstrate similar academic performance ( Sternberg & Shaughnessy, 2001; 
Siegel, 1992; Stanovich, 1989 ). Of course, basing special education eligibility 
solely on a low achievement criterion will likely result in an influx of students and 
a reduction in the quantity and quality of services available. 
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Study Limitations and Recommendations for Future Research 
There are a number of salient limitations present. Perhaps the most serious 
restriction exists because only one aspect of current learning disability criteria was 
examined. In many states, in order to be considered learning disabled and eligible 
for special education services, a student's educational performance must also be 
adversely affected by the disability. For example, a high ability student (IQ= 125) 
with a discrepancy of 25 points would not qualify because he is still achieving at 
an adequate level. Another common requirement is that other possible reasons for 
the impairment be excluded, such as lack of instruction or cultural disadvantage. 
Also, in some states such as Tennessee, the discrepancy criterion may be 
overridden with the presence of a processing deficit. Therefore, the existence of a 
severe ability-achievement discrepancy alone is not indicative of a disability. A 
study examining the relationship between severe discrepancy identification and 
actual special education eligibility would be of considerable merit. 
Another limitation of this study is it involved an achievement measure that 
is soon to be retired. The new WJ-111 was released in the fall of 2000 and as of the 
fall of 2001, it will no longer be considered best practice to use the old version. 
Thus, a similar study using the WJ-III is needed. Also of benefit, would be similar 
analyses using other popular ability and achievement measures. Because the 
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regression models utilize reliability coefficients between tests, the results of one 
study using two particular measures cannot be generalized to other instruments. 
Finally, it is recommended that discrepancy identification with these and 
other models be examined across a greater age span. Of specific interest is how the 
models identify students at the high school level. Another worthwhile investigation 
would be to inspect individual student discrepancy patterns over time. One 
fundamental goal of special education services for learning disabled children is to 
increase their academic achievement to a level more commensurate with their 
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Sample Size, Mean, and Standard Deviation of Severe Discrepancy Identification I 
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Sample Size, Mean, and Standard Deviation of Severe Discrepancy Identification II 
AGE ABILITY 
6 to 7 below 100 
I 00 and above 
Total 
8 to 10 below 100 
100 and above 
Total 
11 to 12 below 100 











































































ANOV A Summary for Analysis of Severe Discrepancy Identification 
by Model (5), Age (3), and Ability (3) 
Dependent Variable: CLASSIFY 
Type III Sum 
Source of Squares df Mean Square F Sig. 
MODEL 4.919 4 1.230 5.948 .001 
AGE 1.110 2 .555 2.684 .069 
ABILITY 7.348 2 3.674 17.772 .001 
MODEL*AGE .848 8 .106 .513 .847 
MODEL * ABILITY 2.332 8 .292 1.410 .189 
AGE * ABILITY 6.626 4 1.656 8.012 .001 
MODEL* AGE* 
1.078 16 .067 .326 .994 
ABILITY 
Error 140.579 680 .207 
Total 267.000 725 
Corrected Total 168.670 724 
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Table 4 
Tukey HSD Multiple Comparisons of Identification Means by Model 
Dependent Variable: CLASSIFY 
Tukey HSD 
Mean 
95% Confidence Interval 
(I) MODEL (J) MODEL Difference (1-J) Std. Error Sig. Lower Bound Upper Bound 
model la model lb .I 8* .05 .007 .03 .32 
model2a -.10 .05 .369 -.24 .05 
model2b .14 .05 .052 .00 .29 
model3 .IO .05 .297 -.04 .25 
model lb model la -.18* .05 .007 -.32 -.03 
model2a -.28* .05 .000 -.42 -. I 3 
model2b -.03 .05 .967 -.18 . II 
model3 -.08 .05 .614 -.22 .07 
model2a model la .IO .05 .369 -.05 .24 
model lb .28* .05 .000 .13 .42 
model2b .24* .05 .000 .10 .39 
model3 .20* .05 .002 .05 .35 
model2b model la -. 14 .05 .052 -.29 .00 
model lb .03 .05 .967 -. 11 .18 
model2a -.24* .05 .000 -.39 -.10 
model3 -.04 .05 .938 -.19 .IO 
model3 modella -.IO .05 .297 -.25 .04 
modellb .08 .05 .614 -.07 .22 
model2a -.20* .05 .002 -.35 -.05 
model2b .04 .05 .938 -.JO .19 
Based on observed means. 
*. The mean difference is significant at the .05 level. 
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Table 5 
Crosstabulations of Identification Means by Model 
MODELIB 
.00 1.00 Total 
MODELIA .00 Count 82 0 82 
Expected Count 61.1 20.9 82.0 
1.00 Count 26 37 63 
Expected Count 46.9 16.1 63.0 
Total Count 108 37 145 
Exeected Count 108.0 37.0 145.0 
MODEL2A 
.00 1.00 Total 
MODELIA .00 Count 64 18 82 
Expected Count 38.5 43.5 82.0 
1.00 Count 4 59 63 
Expected Count 29.5 33.5 63.0 
Total Count 68 77 145 
Exeected Count 68.0 77.0 145.0 
MODEL2B 
.00 l.00 Total 
MODELIA .00 Count 80 2 82 
Expected Count 58.2 23.8 82.0 
l.00 Count 23 40 63 
Expected Count 44.8 I 8.2 63.0 
Total Count 103 42 145 
Ex~cted Count 103.0 42.0 145.0 
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Table 5 ( continued) 
MODEL3 
.00 1.00 Total 
MODELIA .00 Count 77 5 82 
Expected Count 54.9 27.1 82.0 
1.00 Count 20 43 63 
Expected Count 42.1 20.9 63.0 
Total Count 97 48 145 
Exeected Count 97.0 48.0 145.0 
MODEL2A 
.00 1.00 Total 
MODELIB .00 Count 68 40 l08 
Expected Count 50.6 57.4 l08.0 
1.00 Count 0 37 37 
Expected Count 17.4 19.6 37.0 
Total Count 68 77 145 
Exeected Count 68.0 77.0 145.0 
MODEL2B 
.00 1.00 Total 
MODELIB .00 Count 96 12 108 
Expected Count 76.7 31.3 108.0 
1.00 Count 7 30 37 
Expected Count 26.3 l0.7 37.0 
Total Count 103 42 145 
Exeected Count l03.0 42.0 145.0 
MODEL3 
.00 1.00 Total 
MODELIB .00 Count 92 16 l08 
Expected Count 72.2 35.8 l08.0 
1.00 Count 5 32 37 
Expected Count 24.8 12.2 37.0 
Total Count 97 48 145 
Exeected Count 97.0 48.0 145.0 
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Table 5 ( continued) 
MODEL28 
.00 1.00 Total 
MODEL2A .00 Count 68 0 68 
Expected Count 48.3 19.7 68.0 
1.00 Count 35 42 77 
Expected Count 54.7 22.3 77.0 
Total Count 103 42 145 
Ex~ected Count 103.0 42.0 145.0 
MODEL3 
.00 1.00 Total 
MODEL2A .00 Count 68 0 68 
Expected Count 45.5 22.5 68.0 
1.00 Count 29 48 77 
Expected Count 51.5 25.5 77.0 
Total Count 97 48 145 
Ex2ected Count 97.0 48.0 145.0 
MODEL3 
.00 1.00 Total 
MODEL28 .00 Count 97 6 103 
Expected Count 68.9 34.1 103.0 
1.00 Count 0 42 42 
Expected Count 28.l 13.9 42.0 
Total Count 97 48 145 
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Figure 1. Identification means as a function of age(3) and ability (3). 
Note: Low ability= 75-86, average ability= 87-95, high ability= 96-132 
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Table 6 
ANOV A Summary for Analysis of Severe Discrepancy Identification by Model 
(5), Age (3), and Ability (2) 
Dependent Variable: CLASSIFY 
Type Ill Sum 
Source of Squares df Mean Square F Sig. 
MODEL 4.566 4 l.141 5.460 .001 
AGE .104 2 .052 .248 .780 
ABILITY 4.979 4.979 23.817 .001 
MODEL*AGE .702 8 .088 .420 .909 
MODEL * ABILITY 2.1 I I 4 .528 2.525 .040 
AGE * ABILITY 4.917 2 2.459 11.761 .001 
MODEL * AGE * ABILITY .155 8 .019 .093 .999 
Error 145.285 695 .209 
Total 267.000 725 
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Figure 3, Identification means as a function of model (5) and ability (2). 
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